
Optimal energy system sizing with independent load and weather time series.

Francois Ledee1,2, Gaelle Faure1,2, Curran Crawford1,3, Ralph Evins1,2
1Institute for Integrated Energy Systems, University of Victoria, British Columbia, Canada

2Energy in Cities group, Department of Civil Engineering, University of Victoria,
British Columbia, Canada

3Sustainable Systems Design Lab, Department of Mechanical Engineering,
University of Victoria, British Columbia

Abstract

To size an energy system under uncertainty, hourly
energy demand and weather data over multiple years
is required. To overcome a potential data shortage,
the use of time series generators is becoming a com-
mon practice. This practice disconnects the data,
breaking natural correlations. The consequences on
the modeling results have not been addressed and
quantified. This work studies the influence of uncor-
related weather and building electric loads on optimal
energy system sizing. The results show large variabil-
ity in cost and technology capacity estimations for
low carbon emissions levels. Correlation is however
not the main cause of the observed variations.

Key Innovations

� Investigation of the impact of data quality on
energy hub modeling results

� Distinction between the impact of various mod-
eling elements of interest

Practical Implications

For very low or net-zero carbon energy models, it is
not necessary to use correlated weather and load data.
The coupling of Typical Meteorological Year (TMY)
based temporal data and real temporal data is not
recommended.

Introduction

To better integrate renewable energies to meet the
demand, careful sizing is required. The price of so-
lar photovoltaic (PV) technologies is declining rapidly
and the use of this technology increasing. Modelers
however face inherent uncertainty of future loads and
solar availability. To estimate and integrate these un-
certainties for energy system sizing, a large amount
of temporal information is required.

Historical weather data is available at an hourly or
smaller granularity for multiple years and in vari-
ous locations. This is not the case with load data.
Moreover historical data does not contain uncertain-
ties. Therefore numerous studies generate their own
time series, by adding noise to existing data (Can-

izes et al. (2018); Moeini-Aghtaie et al. (2018)), us-
ing climate scenarios (Mavromatidis et al. (2018b);
Gabrielli et al. (2019)) or creating it from aggre-
gated data (Sun et al. (2019); Sharafi and ElMekkawy
(2015); Patidar et al. (2019)).

Mavromatidis et al. (2018a) and Moeini-Aghtaie et al.
(2018) report the use of probability density functions
(PDFs) as the most common practice for load and
weather time series generation. The value at each
time step is based on an independent draw from a cer-
tain PDF. Markov-Chain, Auto-Regressive and Neu-
ral Network based generators are alternatives to take
the natural auto-correlation of a time series into ac-
count, as in Sun et al. (2019). However, according
to Mavromatidis et al. (2018a), ”in the majority of
studies, all uncertain model parameters are treated
as independent and only a few studies have consid-
ered parameter correlation (e.g. between electric load,
thermal load and electricity prices in [160])”. To our
knowledge, the impact of parameter correlation on
energy system optimal sizing has not been assessed.

The current work focuses on the optimal sizing of an
energy system with independent electric load and so-
lar time series. Instead of creating the time series,
measured data from different years are used. For two
climate zones, two systems are compared: one is con-
nected to a power grid, the other is off-grid. Both
comprise a PV array and an electric storage system
(ESS) to meet the electric demand.

Methods

Energy Hub

In this work, the energy systems are modeled as
energy hubs. An energy hub is an interface be-
tween various facilities, sources and loads. It rep-
resents a framework to model the management (con-
version, conditioning, storage) of multiple energy car-
riers (Geidl et al. (2007)). This approach considers
the interaction between elements of the energy sys-
tem during the sizing procedure.

Mixed integer linear programming (MILP) is used to
represent and size the energy systems. The optimiza-
tion problem minimizes the annual cost of the sys-
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tem in eq.(1), this cost being the sum of technology
investment (Ftech), operation (Fs) and maintenance
(F a

m for annual maintenance per capacity unit and
F e
m for maintenance per produced kWh).

The fundamental energy balance constraint in eq.(2)
ensures that at each time step t, energy at each
stream can only been issued by a converter (C × I
with C a conversion efficiency matrix and I the in-
put vector), stored, gained from a storage (Q+ and
Q− the charging and discharging flows), imported,
exported (E the export vector) or fulfills the energy
demand (L).

The time continuity is ensured with the state of
charge (SOC) of the storage units in eq.(3), with η=

η+ and η− the storage, charging and discharging ef-
ficiencies.

Equations (4) and (5) allow the capacity (Ptech) and
storage (Pst) sizing by forcing the energy production
(C × I) and the SOC to remain at each time below
the converter (Ptech) or storage capacity (Pst). These
capacities are therefore defined as variables.

The total carbon emissions are also computed via the
carbon potential of input and output streams (eq.
(6)) and can be limited by a user defined parameter
CO2,limit.

minf = Ftech×Ptech+Fs×I+(F a
m×I+F e

m×I) (1)

L = C × I − η+Q+ + η−Q− +
∑
i

Ii−
∑
o

Emo (2)

SOC(t+1) = η=SOC(t)+η+Q+(t)− 1

η−
Q−(t) (3)

0 ≤ (C × I)(t) ≤ Ptech (4)

0 ≤ SOC(t) ≤ Pst (5)

CO2 =
∑
i

γiIi −
∑
o

γoEo ≤ CO2,limit (6)

The original framework is described by Evins et al.
(2014) and the PyEHub1 library was used for the im-
plementation.

Proposed design

The energy system design tested in this experiment
is exposed in Figure 1. In this simple design, the only
load is the electric load. The experiments consist in
the sizing of solar panels, coupled with a lithium-ion
battery. The system is also connected to an electricity
grid.

Figure 1: System design

Table 1: Energy import/export intensities.
Price Carbon

[¢/kWh] [gCO2eq/kWh]
Grid import 35 200
Grid export 0 0

Table 2: Technology characteristics
Battery PV Grid

Cost ($/kW(h)) 650 500 1
Maintenance

13 / 0
($/kW(h).year)

Maintenance
/ 4.8 /

(¢/kWh)
Lifetime [year] 20 25 25

Conversion
99% 16% 100%

Efficiency
Decay 1% / /

The prices and emission intensities are given in Table
1. Table 2 gives the technology characteristics.

In the following, the sizing of the system refers to
the suggested PV capacity, battery capacity, and the
annualized cost.

The data

We want to assess if the sizing is acceptable, when the
solar data and electric load data used are not from
the same year. As solar data is easier to find than
building electric load, we consider one single year of
load for two different buildings, and size the systems
multiple times for various years of solar data.

Two building electric loads are used, both for elec-
trically heated residential houses also using an elec-
tric vehicle. The first building is located in Vancou-
ver (BC) and data is obtained from the supplier BC-
Hydro. The second is in Austin (TX) from the Pecan
Street dataset2. The smart meter data is from 2015
to 2017 in the BC-Hydro dataset and 2018 for the
Pecan Street dataset.

In the warm and sunny region, the energy consump-
tion is partly driven by the cooling demand. Higher
cooling demand can occur during the days with strong
irradiation. A loss of correlation can for example de-
crease the interest in PV.

1https://gitlab.com/energyincities/python-ehub
2https://dataport.pecanstreet.org/
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In the cold region, the demand is mostly driven by
winter evening heating demand. Irradiation can be
related to temperature (Gago et al. (2011)), so in-
directly influence the heating demand. The interest
in storage and PV can therefore be increased or de-
creased.

In those two locations, irradiation over 20 years is
considered; from 2000 to 2019. This data is obtained
from the website Renewables.ninja3 (Pfenninger and
Staffell (2016)). In both locations, data of one typical
meteorological year (TMY) is also considered for the
comparison.

Investigation 1

The first investigation assesses the sizing variability
for one given building electric load in each location,
when the used weather data is not issued from the
corresponding year.

One experiment consists of one multi-objective opti-
mization with a given year of building electric load
and a given year of weather data. All possible com-
binations of these elements are explored, resulting
in 42 multi-objective optimizations. This includes 2
distinct reference experiments (Ref.), one for Austin
and one for Vancouver, when the year of the load
matches the year of weather data (see Table 3). All
other experiments (Unmatch) couple electric load and
weather data from two different years.

Table 3: List of experiments for the investigation 1
Austin Vancouver

Weather Load Weather Load
Ref. 2018 2018 2016 2016

TMY TMY 2018 TMY 2016
Unmatch 2000-2019 2018 2000-2019 2016

Each of the multi-objective optimizations consists of
sizing the considered system 10 times with 10 dif-
ferent carbon emissions requirements, following the
ε-constraint method (Chiandussi et al. (2012)), i.e.
optimizing for values of CO2,limit (eq.(6)).

The Lowest Cost (LC) case refers to the optimization
minimizing the cost regardless of the CO2 emissions
(CO2,limit → ∞). This results in a carbon emission
level of CO2,LC . The carbon reduction level l of a case
is the fraction of emissions of the lowest cost case that
is avoided (CO2,limit = (1 − l) × CO2,LC .) The Net
Zero (NZ) case refers to the case with CO2,limit = 0,
or also the case with a carbon reduction level of 100%.

To determine if the sizing with independent time se-
ries leads to acceptable results, a Student’s t-test is
realized based on the obtained unmatching cases. As-
suming the unmatching results at each carbon reduc-
tion level l are drawn from a normal distribution with
a mean µl and a sample standard deviation sl, a con-
fidence interval ∆l is defined following eq.(7). At each

3https://www.renewables.ninja

location, the sample size is n = 19. For a confidence
level of 95%, the critical value is t∗ = 1.734. If, given
the sizing results with unmatching time series, the
reference sizing or the TMY experiment result lays
outside of the intervall ∆l, it can be considered as
outlier. In that case, a significant difference with the
unmatching experiments can be concluded. The dis-
tance with this interval also gives an approximation
of the bias induced by the use of these uncorrelated
time series.

∆l = [µl − t∗
sl√
n

;µl + t∗
sl√
n

] (7)

Investigation 2

The second investigation assesses the responsibility
of the correlation between electric load and weather
data in the sizing variability.

The definition of an experiment is the same as for the
first investigation. The reference experiments (Ref.)
and unmatching experiments (Unmatch) also keep
the same meaning. This second investigation is only
realized for Vancouver due to electric load data avail-
ability. A total of 9 experiments is computed, con-
sidering all combination of 3 years of electrical loads
with 3 years of weather data (Table 4).

Table 4: Years of data for the second investigation in
Vancouver

Weather
Load 2015 2016 2017
2015 Ref. Unmatch Unmatch
2016 Unmatch Ref. Unmatch
2017 Unmatch Unmatch Ref.

First, we verify if the use of uncorrelated temporal
data has a greater influence on the sizing than the
variations due to the year of data considered for the
experience. To this end, the variability between ref-
erence cases (e.g. Ref. for 2015 vs. Ref. for 2016)
is compared to the variability with unmatching cases
(e.g. Ref. for 2015 vs. Unmatch with load also from
2015 but weather from 2016).

Finally, the cause of the result variations is investi-
gated. As the data used is measured electric load
and weather data, parameters other than the corre-
lation between the time series can change. We re-
stricted the investigation to the three following indi-
cators: the cross-correlation between the load and so-
lar availability (Cross-Corr.), the total demand over
the year (Demand) and the total solar irradiation over
the year (Irrad). These statistics are resized between
0 and 100% to allow a comparison. A linear correla-
tion between the optimal cost, PV, battery capacities
and these indicators is computed. The obtained slope
indicates how influent these statistics are on the siz-
ing. The coefficient of determination (R2) tells how
relevant a linear relation between the statistics and
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(a) Pareto Fronts cost-carbon for the
system in Austin.

(b) PV capacity for the system in
Austin.

(c) Battery capacity for the system in
Austin

(d) Pareto Fronts cost-carbon for the
system in Vancouver.

(e) PV capacity for the system in Van-
couver.

(f) Battery capacity for the system in
Vancouver

Figure 2: Results for the variability assessment (first investigation)

the sizing is.

Results

Investigation 1

The sizing results for the variability assessment are
exposed in Figure 2.

Figures 2a and 2d show the Carbon-Cost Pareto-
Fronts respectively for the systems in Austin and
in Vancouver. In both locations, between 0% and
80% carbon reduction, the cost is increased by fifty
percents. This cost increases exponentially with the
carbon emissions and is 4 to 8 times higher for a sys-
tem at net-zero emissions than at loweste cost. After
this change in the slope at 80% carbon reduction, an
larger range of values is obtained via the use of uncor-
related time series. For the system connected to the
grid, the reference dominates the other cases for al-
most all carbon emission levels (i.e achieves the lowest
cost for a given carbon level). This is not the cases for
Vancouver, although the reference experiment results
in one of the lowest costs for every carbon emission
level.

Figures 2b and 2e show the PV capacity as functions
of the carbon emissions, respectively in Austin and
Vancouver. For both locations, the results are similar
to the carbon-cost Pareto-front, both for the overall
shape and the divergence in the values range. The
reference case does not dominate all other cases. The
front described by the case using TMY weather data
is clearly dominated by all other cases, except at net-
zero for the system in Austin (Figure 2b).

Figures 2c and 2f show the battery capacity as func-
tion of the carbon level, respectively in Austin and
Vancouver. For both locations, the storage capac-

ity increases regularly between 0% and 80% carbon
reduction. While going from 0% to 80% carbon re-
duction triples the storage capacity, all cases suggest
a similar storage capacity for a given level of carbon
emission. Above 80% carbon reduction, the capac-
ity increases exponentially and sizing results spread
between 6 and 10 times the capacities suggested at
lowest cost. At net-zero, the storage capacity sug-
gested by the reference experiment is the lowest for
Austin and the second lowest in Vancouver.

To verify if the use of uncorrelated load and weather
data is an acceptable practice, a Student’s t-test is
realized as described in the methodology section, and
the resulting confidence intervals ∆l are represented
in Figure 3. The confidence intervals are represented
for 3 different levels of carbon reduction (Lowest cost
∆0, -80% CO2 emissions ∆80 and net zero ∆100). The
mean and standard deviation are calculated from the
difference between results from the unmatching cases
and the reference. If the reference case lays outside its
confidence interval, it can be considered as an outlier.
A significant difference in the sizing with correlated
and uncorrelated time series can then be concluded,
as well as an approximation of the bias this practice
induces.

The results for Austin (Figure 3 left) show that all
reference sizings lay either at the limit or near out-
side the confidence interval for the lowest cost and the
-80% CO2 cases. For a 80% carbon emission reduc-
tion level, the reference cost lays slightly outside the
interval. At net-zero, the reference cost and battery
capacity clearly lay below the interval ∆100. At low-
est cost, the cost and PV capacity sizing using TMY
data are far above the confidence interval, it is the
same at net-zero for the battery capacity sizing.
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Figure 3: Confidence interval for the sizing in Austin (left) and Vancouver (right).

The results for Vancouver (Figure 3 right) show more
variations in the results at every carbon emission
level. For the lowest cost cases, the reference cost and
PV capacity sizings lay within the confidence interval
while the reference storage capacity lays far below its
interval. For a 80% carbon emission reduction level,
the reference sizings lay in or near below their interval
∆80. At net-zero, the reference cost, PV and battery
capacities clearly lay below the interval ∆100. For
the cases using TMY data, only the battery sizing at
net-zero lays in the corresponding interval.

Investigation 2

The second investigation assesses the responsibility
of the correlation between electric load and weather
data in the sizing variability. Figure 4 compares two
different ranges of variabilities. The first (blue) is the
variability between the sizing with unmatching time
series and their reference case. The second (green) is
the variability between the reference cases for differ-
ent years of electric loads.

Figure 4 highlights that for all sized elements and for
(almost) every carbon emission level the variability
caused by using uncorrelated load and weather data
is strictly lower than the variability between two ref-
erence cases computed for different years. Indeed, the
area representing the variability for unmatching cases
is included in the area for the variability of reference
cases.

To verify if the cross-correlation between the time
series is the main cause of variability in the experi-
ment results, the cross-correlation, the total electric

demand and the total solar irradiation are computed
for each experiment and compared with a linear re-
gression. The results are exposed in Figure 5. The
three columns are respectively for the cost, PV and
battery capacity sizing. The first row is for a sizing
at lowest cost, the second for a sizing at net-zero.

At lowest cost, the total electric load shows a high R2

of 0.98, much higher than the cross-correlation. This
means the variations in cost estimation can mostly
be explained by the variation of demand, the time se-
ries correlation is not a good explanation. This is the
same for the PV capacity sizing, with a greater R2

for the total demand than for the cross-correlation.
For the battery sizing, the R2 of all three indicators
remain low, with the highest coefficient of determina-
tion for the total irradiation.

At net-zero, the R2 are systematically lower than at
lowest cost. It means the results are less explainable
by a linear relation with these indicators. The high-
est R2 is obtained via the regression with the total
irradiation for the cost and PV capacity sizing, and
via the regression with the total electric load for the
battery capacity.

Finally, Figure 5 shows sparse points and simple
regressions (logarithm, exponential, etc.) do not
achieve better R2 than the linear regression. This
shows that, among the three chosen statistics, the
cross-correlation between the time series is never the
indicator explaining the observed variations the best.

Figure 4: Relative sizing variability (blue) between the unmatching cases and their reference each year, and
(green) between the reference cases of different years of electric loads
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Figure 5: Explanation of the sizing variabilities for the system in Vancouver (second investigation).

Discussion

The same system is studied in two different locations
with various solar potentials. For all locations, the
use of uncorrelated time series still allows a mapping
of the overall Pareto-fronts for up to 80% of carbon
reduction. For very low carbon levels, the optimiza-
tion based on uncorrelated time series show a large
range of possible values. This divergence is observed
almost for all indicators. This shows the rising impor-
tance of the weather information for carbon reduction
scenarios.

The PV capacity sizing is closely related to the over-
all cost as Figure 2 shows similar trends for both.
The use of TMY weather data shows clearly different
results for the sizing of PV capacities. The conse-
quences on the cost are particularly visible in Van-
couver (Figure 2d). The use of TMY weather data
coupled with measured data globally leads to bias in
the results for all indicators in both locations (Figure
3).

Figure 3 shows it is statistically acceptable to use
uncorrelated time series, except for two cases: the
battery sizing in a region with little solar resources,
and the overall system design at net-zero. Beyond
this statistical test, Figure 3 raises 2 major points.
First, it confirms the increasing variability of results
for lowest levels of carbon. This variability grows ex-
ponentially for carbon level reductions greater than -
80% reaching up to 100% of error. Second, the global
trend show a technology oversizing and cost overes-
timation when using uncorrelated meteorological and
load data.

The results in the first investigation reveal the siz-
ing variability when uncorrelated time series are used,
but they do not indicate that the correlation between
the load and the weather is the cause of variation.

Indeed for each sized element (cost, PV and battery
capacities), either the variation of total electric load
or the variation of total irradiation better explains
the sizing variations (Figure 5). Although none of
these indicators satisfactorily explains the observed

variabilities, the time series correlation systematically
explains less than the total irradiation or energy de-
mand.

Finally, the variations obtained by using uncorrelated
time series is compared to the inter-annual variations
(Figure 4). The result variabilities when uncor-
related solar and load data are used always remain
smaller than the variability resulting from the use
of correlated time series of two different years. This
shows that, with the current modeling approach, the
correlation between time series is not critical for the
sizing.

Conclusion

This study investigates the importance of correlations
between electric load and weather data in the sizing of
energy systems via optimization. A first experiment
compares the optimal sizing of a system with one
electric load and the solar availabilities from differ-
ent years. This reveals large variations in the results
for a 80% or greater reduction of the yearly carbon
emissions and mild variations otherwise.

A second experiment closer investigates the respon-
sibility of the correlation between the time series in
the observed variations. Findings are that at very
low carbon emissions, the total solar irradiation ex-
plains the variations better than the correlation. At
lowest cost, the total energy demand better explains
the variations. The use of uncorrelated temporal in-
formation is not critical regarding the sizing results.

Possible extensions of this work are the use of simu-
lated data to both increase the number of cases com-
pared and reduce the importance of variable param-
eters in the time series (total load, total irradiation,
ect.).

This study opens the perspective of using separate
time series generators for the optimal sizing of en-
ergy systems in future works. Reliable energy sys-
tems must adapt to both the user and the energy
availability. This study allows to decouple both as-
pects and focus separately in generators adapted to
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future weather and generators adapted to future en-
ergy demands.
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